Two novel computational techniques, harmonic cut and regularized centroid transform, are developed for segmenration of cells and rheir corresponding substructures observed with an epi-fluorescence microscope. Harmonic cur detects small regions that correspond ro subcellular srruclures. These regions also affect the accuracy of the overall segmentation. They are derecred, removed, and interpolated to ensure continuity within each region. We show thar interpolation within each region (subcellular compartment) is equivalent to solving the Lnplace equation on a mulriconnected domain with irregular boundaries. The second technique, referred to as the regularized centroid rransfonn, aims to separate touching compartments. This is achieved by adopting a quadraric model for rhe shape of rhe object and relaxing ir for final segrnenrarion.
Introduction
As an important tool in computational biology, cell segmentation provides the basis for population studies, model validation, protein expression and uptake studies at a particular subcompartment['l, i, 2 , 5 ] . In general, reliable segmentation is hard since images are noisy (both random and speckle noise), cellular stain is heterogeneous, and various compartments could overlap in the sample. This paper focuses on automated segmentation of cells and their subcompartments. imaged with a confocal microscope and on a fixed focal plane, e.g., segmentation is limited to 2D im- ages. Segmentation from 2D images is slightly more difficult than 3D images due to inherent lack of 3D content and ambiguities that originate from lack of information. Figure 2(a) shows an example of a population of cells that is imaged with a confocal microscope. Thresholding [8] and edge detection are not sufficient for delineating them from each other. In addition, notice that there are a significant number of internal structures in each nucleus. Our approach is model based, assumes an ellipsoidal model for the gross shape of the cell, which is not expressed as a parametric model, and does not rely on the user to provide an initial seed point for initial segmentation. Although the proposed techniques have been applied for localizing cells, we suggest that they are generic tools for early vision and blob detection.
The proposed computational protocol, as shown in Figure I , is layered and involves filtering for noise and internal structures followed by grouping of iso-intensity pixels into their local centroid. In this system. noise and internal substructures are detected with elliptic features. These elliptic features are then removed and interpolated with harmonic cut. At this step of the computational process. each object of blob is represented with a smooth surface. Objects that are touching one another are grouped according to their centroid and partitioned from the computed vector field.
Organization of this paper is as follows. Section 2 pmvides a summary of the method for detecting elliptic features. Section 3 outlines details of the harmonic cut and its solution with the Laplacian. Sections 4-5 present the regularized centroid transform and its implementation. Section 6 concludes the paper.
Elliptic Regions
Let lo(+, y) be the original image. In the linear (Gaussian) scale space, its representation at scale U is given by 
Harmonic Cut
The next step of the computational process is to remove small elliptic regions from the cell and interpolate their region. This is essentially a noise removal step. however, our data set has both random noise (CCD noise) and speckle noise (internal structures within the cell). The 2D case is complex because the houndary of the region to be removed is often noisy and irregular, and it is not clear whether simple techniques such as propagating intensity based on distance transform will have desirable properties. One way to ensure continuity is to regularize the solution hy extending the ID solution to 2D or by minimizing the following functional:
. .. Harmonic functions are those functions that satisfy the Laplace equation. Since any non-constant harmonic function has no maximum or minimum value inside the region in which it is defined, if we remove one region and replace i t with the harmonic function defined by its boundary, there is no local minimudmaximum in the removed region. Hence, the hurnioriic cur can remove all local singularities.
Therefore the harmonic cut satisfies causality introduced by Koenderink [3,4] because of the inherent properties of harmonic functions.
Regularized Centroid Transform
At this stage of the computational process, each cell is represented with a smooth surface corresponding to each of its subcompartments. The next step of the process is to separate objects that are grouped together into a clump, e.g., touching one another. This is achieved using Regularized Cenrroid Transform (RCT).
The basic idea for the RCT technique is to map vectors originating from the boundary of an ellipse to its centroid. If these vectors can be computed, then the entire boundary can be grouped together. This is true for both boundaries and their interior paints. e.g.. grouping utilizes not only the edges but also the region information. The main issue is that centroids are unknown and that there are many centroids in the image. This is resolved by computing a vector field that can then be used to partition touching objects. Uniform regions that correspond to zero intensity gradient of the image with the result that there is no information to estimate the centroid. and e Elliptic features that occur in non-uniform regions.
Local centroids

Regularized representation
The limitation of the local centroid technique is due to the singularities of the Hessian. From the computational stability paint of view, nearby points cannot be computed reliably either. Therefore formulation of the centroid transform is ill-posed [6], and needs to be regularized. Let the centroid at (I,?/) be denoted by ( u ( z , y ) , u (~, y ) )~. then the regularized model can be expressed as
( 5 ) a(.: + U; +u: + u;)dzdy + where the first and second terms are the error of estimation, the third term is the smoothness constraint. and n ( > 0) is the weight factor. We refer lo the solution of Equation (5) as the regularized centroid transform (RCT). The key ideas and properties of RCT are that: (1) the transform is a vector instead of a scalar field, (2) the vector field represents the displacement to the centroid in the I and y directions, respectively, (3) the vector field is dense everywhere and is regularized under the smoothness constraint, and where n is the normal vector to the boundary. It is easy lo show that its computational complexity is of the same order as the linear diffusion. 
Partitioning Vector Field
The final step of segmentation is to compute the partition of a vector field corresponding to RCT. Consider an autonomous system of differential equations
where u(x, y) and u(x, y) are the two components of RCT. We can partition RCT in the following way. Every nonsingular pixel can be repeatedly moved to a new position by solving Equation (7) . and every singular point is in fact a fixed point. As a result, those points that move to the same singular point can be grouped together.
We can define an RCT energy function as the arclength of the trajectory. Figure 3 compares the RCT energy function and the classic distance transform, which is often used for further segmentation. It is clear that the RCT map is smoother and well focused. Figure 4 shows final segmentation results for two fields of cells. We have applied our technique to 68 images with a total of 2417 cells, and 61 cells were incorrectly segmented. These images can he found at http://vision. lbl.gov/Pmjects/bioinformiic/images. html.
Conclusion
This paper has outlined a layered computational technique to delineate overlapping nuclei and to extract their internal substructures. The tirst step of the process is removal of random and speckled (internal substructure) noise, which are subsequently interpolated with harmonic cut. The next step of the process delineates overlapping regions through a novel process that we call regularized centroid transform (RCT). Our approach has been appliedto analysis of images obtained through a confocal microscope, and it is currently in production use. It is possible for the proposed method to produce incorrect segmentation, however, this is due to the incomplete amount of information that is present at a given focal plane. We suggest that RCT is a generic blob detection and separation technique that can be used as a generic tool for early vision problems.
